This paper examines the idiosyncratic volatility puzzle and whether investor sentiment influences the relation between idiosyncratic volatility and stock returns in the Chinese stock market. The findings indicate the existence of a negative idiosyncratic volatility effect. In addition, the results show that the relation between idiosyncratic volatility and returns significantly depends on investor sentiment. Thus, investor sentiment plays a very important role in reconciling the relation between idiosyncratic volatility and stock returns in the Chinese stock market. This implies that investor sentiment may be one of the major risk factors that should be considered in the Chinese stock market. In terms of predictive ability of investor sentiment, idiosyncratic volatility and market volatility, the findings indicate that idiosyncratic volatility positively predicts future excess market returns in the Chinese stock market.
Introduction
Recent empirical studies have found a cross-sectional relation between idiosyncratic volatility and expected stock returns. Some previous studies suggest either a positive [1] [2] [3] [4] [5] [6] [7] [8] or an insignificant [9, 10] relationship between idiosyncratic volatility and expected returns. In contrast, recent work by Guo et al. [11] [12] [13] find that idiosyncratic volatility is negatively related to returns. Similarly, Nartea [7] also find evidence of a negative idiosyncratic volatility effect in China supporting the findings of Ang [11] . These relationships exist because investors cannot fully diversify their stock portfolios suggesting that idiosyncratic volatility should be priced. Capital asset pricing model, on the other hand, indicates that only systematic risk should be priced because idiosyncratic risk can be diversified away when investors hold a well-diversified portfolio of stocks.
In addition, classical finance theory argues that asset prices are not influenced by investor sentiment, because rational investors are ready to offset any asset mispricing. In other words, rational investors set the prices of assets in the market and therefore there is no role for investor sentiment. This view of rational investors is based on fundamental reasons and investor sentiment is perceived as being out of touch with reality and is generally defined as excessive optimism or pessimism about the market's prospects that is caused by investors' erroneous beliefs about prices that are not justified by fundamentals. However, recent empirical studies report that investor sentiment has an effect on expected stock returns [14] [15] [16] [17] [18] . This suggests that the asset price errors cannot be canceled out by rational arbitrageurs due to the limits of arbitrage [19, 20] . Consequently, investor sentiment should be considered as a determinant risk factor in the asset pricing model. Empirical studies by Baker and Jeffrey, Brown et al., Kumar and Lee [14] [15] [16] and Hvidkjaer [21] attribute the relation between investor sentiment and future returns to investor optimism that drive prices above fundamental values or investor pessimism that drive prices below fundamental values. Thus, overvaluation is an indication of investor optimism and undervaluation shows investor pessimism. It is established that both rational and sentiment investors could be either optimistic or pessimistic about the market's prospects. The theory, on the other hand, assumes that rational investors always form correct expectations about the future value of an asset, whereas, sentiment investors consistently make errors in judgment contributing to overestimation or underestimation of asset prices, depending on their sentiment, leading to a divergence of prices from the fundamental values, thus creating mispricing in the market. However, the classical finance theory asserts that even if some investors are irrational, their demands are neutralized by the actions of rational arbitrageurs and consequently have no significant influence on prices [14] .
Investor sentiment has become more important in situations where retail investors dominate the stock market, for example, the emerging stock markets. Han and Kumar [22] argue that the idiosyncratic volatility puzzle is a characteristic in a market that is dominated by individual investors. It is generally accepted that retail investors add to the idiosyncratic volatility of stock returns because they act as noise traders. Noise traders are broadly retail investors who trade for reasons other than fundamental information relating to misperceptions of future returns. They have no fundamental knowledge about stock markets making it more risky for the arbitrager, and thus creating a noise effect on the stock market returns. Noise trading models such as those Shleifer and Summers [23, 24] assert that investor sentiment contributes to the deviation of asset prices from their fundamental values due to the limits to arbitrage. In contrast, where institutional investors dominate the market, such as in developed stock markets, the risk associated with investor sentiment reduces. For example, Finter et al. [25] indicate that investor sentiment has little importance in the German stock market that has a low fraction of retail investors. This is an indication that investor sentiment has an impact on stock prices in the emerging stock markets [17] .
Many previous studies have been conducted on the relation between idiosyncratic volatility and expected return, but little attention has been paid to reconcile the negative cross-sectional relation between idiosyncratic volatility and expected stock returns using the role of investor sentiment. Empirical studies on the impact of investor sentiment on the cross-sectional relation between returns and volatility have only emerged recently. For example, Jiang [26] suggest that the inverse relation between idiosyncratic volatility and stock returns is significantly driven by news about firms' future returns. In addition, Barinov [27] explains why high idiosyncratic volatility leads to low future returns using real options and aggregate volatility risk. Others including [28, 29] find that investor sentiment plays a role in reconciling the negative relation between idiosyncratic volatility and expected returns. This paper, like Gao et al. [28] and Chi et al. [29] differs from previous studies on the topic by using investor sentiment to understand the idiosyncratic volatility puzzle. Specifically, this paper contributes to the literature by examining the impact of investor sentiment on the relation between the idiosyncratic volatility and expected returns in the Chinese stock market.
The objectives of this paper are (i) to investigate the idiosyncratic volatility puzzle in China and (ii) to explore whether investor sentiment influences the relation between idiosyncratic volatility and expected stock returns.
The rest of this paper is structured as follows. Section 2 summarizes the related literature. Section 3 provides data description and methodology, followed by section 4 that presents empirical results. Section 5 concludes the paper.
Literature Review
Ang et al. [11] find that firms with high idiosyncratic volatility stocks earn low returns in the United States (known as the idiosyncratic volatility puzzle). Further evidence by Ang [11] using 23 international developed markets including the G7 countries also indicates that high idiosyncratic volatility stocks have low returns in each of these countries, therefore confirming this finding in an international context. Similarly, Nartea et al. [7] examine the relation between idiosyncratic volatility and expected returns in the Chinese stock market and find a negative relationship. The authors suggest that this negative relationship could be driven by investor preferences for high idiosyncratic volatility stocks, a symptom of possible risk-seeking behaviour. Guo and Savickas [13] , using daily US stock market data from July 1962 to December 2002, find that idiosyncratic volatility is negatively related to future stock market returns. Similarly, Pollet and Wilson also using the US stock market quarterly data from 1963 to 2004, show that idiosyncratic volatility is negatively related to expected returns.
Fu [5] , on the other hand, using exponential GARCH models and the US stock data from July 1963 to December 2006, finds a positive relation between idiosyncratic volatility and expected stock returns. Fu [5] provides evidence that the negative relationship in Ang et al. [11] can be explained by a short-term returns reversal of stocks with high idiosyncratic volatility. Jiang et al. [26] using quarterly data on the US market spanning from January 1974 to December 2002, assess whether the idiosyncratic volatility puzzle is related to the previously documented market anomalies in the literature. The study reports that the idiosyncratic volatility puzzle is generated by the information content about future returns. In addition, they also find a potential link between the idiosyncratic volatility puzzle and strategic corporate behavior in information disclosure. Thus, their evidence indicates that the idiosyncratic volatility puzzle is related to selective corporate disclosure and is significant among less experienced investors who do not have the knowledge or experience to fully understand selective disclosure of corporate information. Barinov [27] , using the US stock market data covering the period between January 1986 and December 2012, finds that the idiosyncratic volatility effect is explained by aggregate volatility risk and growth options, as opposed to Ang et al. [11] who suggest that aggregate volatility risk cannot explain the idiosyncratic volatility effect.
Recent empirical studies find evidence that investor sentiment influences expected stock returns. More recently, Gao et al. [28] examine the role of investor sentiment in the idiosyncratic volatility puzzle in the US market and find that investor sentiment plays an important role in explaining the relation between idiosyncratic volatility and expected stock returns. Their results reveal that returns have a negative relationship with idiosyncratic volatility in a time series analysis. The findings also show that, during low sentiment periods, apparently no relation is observed between idiosyncratic volatility and expected stock returns, but reveal a strong negative relationship between idiosyncratic volatility and expected stock returns during periods of high sentiment suggesting that sentiment traders overprice stocks with high idiosyncratic volatility that contributes to lower future returns. Chi et al. [29] also examine the impact of investor sentiment on the relation between stock returns and volatility in the Chinese stock market by using mutual fund flows as a proxy for investor sentiment for different stocks. The study finds strong negative cross-sectional relation between idiosyncratic volatility and expected stock returns. One explanation for this relationship is that investor sentiment has immense influence on stock returns in the Chinese stock market and that, may be due to the presence of many high speculative individual investors in the Chinese stock market, investor sentiment largely influences the asset prices.
Data and Methodology

Data descriptive statistics
The sentiment data is downloaded from Jeffrey Wurgler's website. The monthly sentiment covers the period from July 1965 to December 2007. Seven different measures of investor sentiment are considered namely, closed-end fund discount (CEFD), market turnover (TURN), the number of IPOs (NIPO), the average first-day returns on IPOs (RIPO), the number of new accounts opened (NO.A/C), consumer confidence index (CCI) and the sentiment index. The sentiment index is constructed using CEFD, TURN, NIPO and RIPO. The daily individual stock returns are obtained from the Data stream. The sample period of the study spans from 2004 to 2011 with a total of 416 week data. Table 2 reports the summary statistics and the correlations for the various sentiment measures; closed-end fund discount (CEFD), market turnover (TURN), the number of IPOs (NIPO), the average first-day returns on IPOs (RIPO), the number of new accounts opened (NO.A/C), consumer confidence index (CCI) and the sentiment index. The sentiment index is constructed through CEFD, TURN, NIPO and RIPO. As is evident from Panel A, each of the sentiment measures is strongly correlated with the sentiment index. Also RIPO has a positive correlation with CEFD and TURN, and CEFD is associated with NIPO and RIPO. Thus, smaller closed-end fund discounts relate more to the number of IPOs and returns on IPOs. The correlation between these sentiment indicators suggests that there is some common component that is shared by these indicators. As a result, these sentiment indicators are appropriate in measuring investor sentiment. In Panel B, when CCI is added to the proxies in Panel A, the results show that, with the exception of CCI, the sentiment measures are all highly correlated with the sentiment index. CCI, on the other hand, is negative and has low correlation with other sentiment measures, and little in common with the sentiment index. This is an indication that CCI may be a weak proxy for investor sentiment in the Chinese stock 
Methodology
The study estimates the cross-sectional (time-series) relation between idiosyncratic volatility and expected stock returns (expected market returns) by considering the role investor sentiment plays in these relations.
The study uses Fama-French (FF) 3-factor model to measure idiosyncratic volatility for an individual firm. The idiosyncratic volatility for stock i in month t,
IV , is computed as
 is estimated as a daily Fama-French 3-factor model in month t:
And r d,t is the daily return in month t, d is the day d in month t, N t is the number of trading days in month t, and 22 is the number of trading days in one month.
In the case of investor's sentiment, S t represents the monthly sentiment at month t. The sentiment indicator D t is given the value of one if S t is greater than 0, and zero otherwise. The study's regression treats sentiment as a continuous variable and as an indicator variable. In terms of aggregate idiosyncratic volatility, idiosyncratic volatility is computed as the average total variance across all individual stocks and the average of Fama-French 3-factor sum of squared residuals.
Empirical Results
This section reports the empirical results. Table 3 presents the results of the relationship between idiosyncratic volatility (IV) and returns in the Chinese stock market over the sample period. It exhibits the average monthly raw returns and Carhart-4 alpha of stock portfolios sorted according to IV for equal-weighted portfolios and value-weighted portfolios. For both equal-weighted portfolios and value-weighted portfolios the high IV portfolios have lower raw returns and Carhart-4 alphas than low IV portfolios. The results indicate that the differences between high and low IV portfolios are all negative and statistically significant except for the value-weighted high IV portfolio for Carhart-4 alpha, which is almost statistically significant (alpha difference of -0.0052 with t-statistic of -1.6696). These findings are an indication that a negative idiosyncratic volatility effect is present in the Chinese stock market underpinning the Ang et al. [11] findings of negative idiosyncratic volatility puzzle.
At the beginning of every month we sort stocks into three portfolios based on IV, i.e., High IV, Medium IV) and Low IV. We compute each portfolio's equal-and value-weighted raw returns for the current month. We also estimate each portfolio's alpha (α coefficient) from the FF3-factor model estimated using the full sample of monthly value-or equal-weighted returns for each portfolio. The last low of each panel presents the difference in monthly returns and differences in alpha between the high and low IV portfolios. T-statistics are reported in parenthesis. Table 4 presents the various characteristics of portfolios sorted on idiosyncratic volatility with respect to Size, BM, Mom and REV (where Size at the end of month t is defined is the log of the firm's market capitalization at the end of month t, BM is the firm' book-to-market ratio of the portfolio in t-6, Mom is momentum at time t is the stock's 11-month past return lagged one month, i.e. return from month t-12 to month t-2 and REV in month t is short-term reversal defined as the return on the stock in month t-1, following Lehmann [11] . The difference between the high IV and low IV portfolios is 0.0171with a t-statistic of 28.6095 and as such is highly significant. The difference in size is -1152.24 and is also statistically significant with a t-statistic of -3.0543 suggesting that the high IV portfolios mainly consist of big stocks. Momentum (Mom) is positive and exhibits little or no statistical significance indicating that high IV stocks do not show an intermediate-term momentum effect and hence momentum does not influence the IV effect. The difference in REV is 0.0422 with a t-statistic Table presents the various characteristics of portfolios sorted on idiosyncratic volatility with respect to size, BM, momentum and REV. The difference between the high IV and low IV portfolio is 0.0171with t-statistic of 28.6095 and as such is highly significant. At the beginning of every month we sort stocks into three portfolios based on IV, i.e., High IV, Medium IV and Low IV. Size at the end of month t is defined is the log of the firm's market capitalization at the end of month t, BM is the firm's book -to-market ratio six months prior, i.e. at the end of t-6. Following Fama [30] Mom, momentum, at time t is the stock's 11-month past return lagged one month, i.e. return from month t-12 to month t-2. REV in month t is short-term reversal defined as the return on the stock in month t-1, following Lehmann [24] . The last row is the difference between the high and low IV portfolio. T-statistics are reported in parenthesis.
The main drawback of the above portfolio analysis is the loss of considerable information through aggregation; consequently firmlevel Fama-MacBeth cross-sectional regressions are used that are designed to check the reliability or robustness of the portfolio sort results reported previously. Table 5 presents univariate regressions that show a significant negative IV effect inconsistent with the portfolio-level results. Thus, the idiosyncratic volatility is negatively and significantly related to expected returns in the Chinese stock market supporting the idiosyncratic volatility puzzle reported in Ang et al. [11] who report a negative IV effect in the US and international context. Thus, this finding implies that IV effect does matter in explaining cross-sectional stock returns in the Chinese stock market. This finding is surprising given that the Chinese stock market is dominated by individual or retail investors and the US stock market, on the other hand, is dominated by institutional investors. The negative IV effect in the Chinese stock market could be driven by retail investors who prefer high idiosyncratic volatility stocks and as such overpay for high volatility stocks [32] [33] [34] . This evidence suggests a risk-seeking behaviour among the Chinese investors. Size has a negative coefficient and is significant. This suggests that returns increase as size decreases. BM has a positive coefficient and is significant indicating that high BM stocks tend to have higher returns. MOM is negatively and insignificantly related to expected returns. The coefficient of REV is -0.0688 and is highly significant with a t-statistic of -4.24 indicating a negative short-term reversal effect that suggests that recent winners will be losers in the next period.
The results of the bivariate regressions with IV are presented in Panel B of Table 5 . The findings reveal that the negative relation between idiosyncratic volatility and expected returns still remains highly significant which re-enforces the idiosyncratic volatility puzzle reported in Ang et al. [11] . The short-term reversal, REV remains statistically significant. Similarly, MOM is still negative and statistically insignificant and so is the SIZE. In Panel C of Table 5 , the results of the multivariate regression are reported. The findings in Panel C clearly mimic the results of Panel A; the IV coefficient remains negative and highly significant. Consequently, firm-level cross-sectional regression results suggest an idiosyncratic volatility puzzle.
Each month from 2004:01 to 2011:08 we run a firm-level FamaMacBeth cross-sectional regression of the return on that month with one-month lagged values of the control variables; the model as , +1 = 0, + 1, , + 2, , + 3, , + 4, EV , + 5, , . Each row reports the time-series averages of the slope coefficients and their associated t-statistics. IV is the standard deviation of the residuals of the FF3-factor model, using Fama [30] return lagged one month, i.e. returns from month t-12 to month t-2. REV in month t is shortterm reversal defined as the return on the stock in month t-1, following Lehmann [24] . Numbers in parentheses are t-statistics. Table 6 reports the regression results after regressing the returns spread between high and low idiosyncratic volatility on four factors: market returns, SMB, HML, and WMD. The excess market return is the difference between the value-weighted market return and the risk free rate, SMB is the size factor defined as the excess return of small firms over big firms, HML is the value factor defined as the excess return of high book-to-market (BM) firms over low BM firms, and WMD (momentum) is the return difference between stocks winners and losers, because sentiment sensitive stocks are likely to be winners (losers) in periods of high (low) sentiment. Table 6 also introduces the sentiment both as a continuous variable and as an indicator variable. The Panels A.a and C.a of Table 6 do not include the sentiment variables. The results confirm the findings in Table 5 that support the conclusion of Ang et al. [11] after controlling for market returns, SMB, HML, and WMD. Panels A.b, B.a, C.b, D.a and E.a report the results of the regressions that include high sentiment and low sentiment as dummy variables without the intercept. For equalweighted returns, the results show that when the sentiment is low, the returns difference is negative and significant after controlling for market returns, SMB, HML, and WMD. Similarly, during high sentiment periods, the returns difference is also negative and significant. These results indicate that the relation between idiosyncratic volatility and returns significantly depends on investor sentiment during both low and high sentiment periods. This finding is consistent with the results [29] who find that investor sentiment has an impact on the relation between stock return and idiosyncratic volatility in the Chinese stock market. In contrast, for value-weighted returns, the returns differences during low and high sentiment periods are insignificant suggesting that the trade-off between idiosyncratic volatility and returns does not rely on investor sentiment. Panel A.c, B.b, C.c, D 
Intercept
investor sentiment leads to a lower idiosyncratic volatility-returns trade-off. The market returns are a significant explanatory variable in all the regressions. The value is also a significant explanatory variable in almost all the regressions. Table 6 Table 7 reports the results of the investigation of portfolio returns (both equal-and value-weighted) during high and low sentiment periods. In Panel A of Table 7 , for both low and high sentiment periods, the findings show that the returns differences are negative and significant for equal-weighted portfolios suggesting a strong negative relationship between the stocks' idiosyncratic volatility and expected returns. This is consistent with Gao et al. [28] findings that investor sentiment plays an essential role in the puzzling relation between idiosyncratic volatility and expected stock returns. In addition, the findings show that there is no significant relationship between stocks' idiosyncratic volatility and expected returns for value-weighted portfolios, a result consistent with those in Table 6 .
In panel B of Table 7 , during high sentiment periods, the alpha difference is negative and significant suggesting a strong negative relation between the stocks' idiosyncratic volatility and expected returns. This clearly indicates the existence of a negative relation between volatility and subsequent returns during high sentiment periods. In contrast, in the low sentiment regime, the value-weighted alpha spread is not significant indicating that the relation between idiosyncratic volatility and subsequent returns is not present in the Chinese stock market when investor sentiment is low. This is consistent with Gao et al. [28] who find negative relation between idiosyncratic volatility and expected stock returns during high sentiment periods while there is no clear relationship during low sentiment periods. The reason may be attributed to the fact that, during high sentiment periods, stocks with high idiosyncratic volatility are overpriced by the optimistic traders leading to lower subsequent returns for these stocks and hence the relation between idiosyncratic volatility and expected stock returns is negative. Table 8 reports the results of the high sentiment portfolio Carhart-4 alpha sort by idiosyncratic volatility and control variables. Panel A of Table 8 reports the results when we double-sort on size and IV. The results show that the average equal-weighted and value-weighted alpha differences for both SMA (Small size) and MED (Medium size), during high sentiment period, are negative and have significant impact on returns. Therefore, medium and small size stock portfolios could explain the negative idiosyncratic volatility effect. In contrast, during high sentiment period, alpha differences for the BIG are negative but insignificant. This implies that big size stock portfolios could not explain the idiosyncratic volatility effect. In Panel B, we double sort on BM and IV, and the results indicate that HBM, MBM and LBM are statistically significant during high sentiment period for equal-weighted portfolios. This suggests that HBM, MBM and LBM could explain the negative relation between idiosyncratic volatility and expected returns. However, for value-weighted portfolios only MBM has an effect on returns. In Panel C, we double sort on momentum and IV. For equalweighted portfolios the findings show that MID, WNR and LSR (momentum) are negative and have significant effect on returns during high sentiment period. In contrast, for value-weighted portfolios only MID has an effect on returns during high sentiment period. In Panel D, we double sort on REV and IV, and the findings reveal that REV is negative and has little or no effect on returns during high sentiment period suggesting an insignificant relation between idiosyncratic volatility and expected stock returns during high sentiment period.
At the end of each month over the test period, stocks are doublesorted 3 × 3, first by the control factor (size, BM, momentum, and REV) into three portfolios and then within each portfolio we sort stocks again by idiosyncratic volatility measured using the local Fama-French three factor model (FF-3). The alpha of each value-and equal-weighted portfolio is presented with t-statistics in parentheses. To control for a particular factor, we average the alpha within each idiosyncratic volatility category ending up with three portfolios with dispersion in idiosyncratic volatility but containing all values of the factor being controlled. Size is the firm's market capitalization at the end of month t; BM is the book-to-market ratio six months prior, i. e. at the end of t-6; momentum at time t is the stock's 11-month past return lagged one month; REV is stock's past month return. Low IV, Medium IV , High IV refer to low, medium, and high idiosyncratic volatility portfolio, respectively; BIG: big size; MED: medium size; SMA: small size; HBM, MBM , LBM: high, medium, low book-to-market, respectively; WNR; winner; MID: middle; LSR: loser. Table 9 reports the results of the low sentiment portfolio Carhart-4 alpha sorted by idiosyncratic volatility and control variables. Panel A of Table 9 reports the results when we double-sort on size and IV. The results show that the value-weighted alpha difference for BIG during low sentiment period is positive and significant with a t-statistic of 1.8828. Therefore the big size stock portfolios explain the positive idiosyncratic volatility effect. In contrast, during low sentiment period, the value-weighted alpha differences for SMA are negative and significant with t-statistics of -3.0547 and -3.4217 for equal-weighted and value-weighted portfolios, respectively. This implies that small size stock portfolios could explain the negative idiosyncratic volatility effect. In Panel B, we double sort on BM and IV. The results indicate that only the large BM is statistically significant with a t-statistic of -1.7925 during low sentiment period. This suggests that only the large BM could explain the negative relation between idiosyncratic volatility and expected returns. In Panel C, we double sort on momentum and IV, and the results show that, for equal-weighted portfolios, WNR, MID and LSR are negative and have a significant effect on returns during low sentiment period. On the contrary, for value-weighted portfolios, only WNR and LSR could explain the negative relation between idiosyncratic volatility and expected returns. However, in Panel D, we double sort on REV and IV and none of the variables has a significant impact on returns suggesting that REV has an effect on returns during low sentiment period.
At the end of each month over the test period, stocks are doublesorted 3 × 3, first by the control factor (size, BM, momentum, and REV) into three portfolios and then within each portfolio we sort stocks again by idiosyncratic volatility measured using the local Fama-French three factor model (FF-3). The alpha of each value-and equal-weighted portfolio is presented with t-statistics in parentheses. To control for a particular factor, we average the alpha within each idiosyncratic volatility category ending up with three portfolios with dispersion in idiosyncratic volatility but containing all values of the factor being controlled. Size is the firm's market capitalization at the end of month t; BM is the book-to-market ratio six months prior, i. e. at the end of t-6; momentum at time t is the stock's 11-month past return lagged one month; REV is stock's past month return. Low IV, Medium IV , High IV refer to low, medium, and high idiosyncratic volatility portfolio, respectively; BIG: big size; MED: medium size; SMA: small size; HBM, MBM , LBM: high, medium, low book-to-market, respectively; WNR; winner; MID: middle; LSR: loser. Table 10 presents the results of the univariate, bivariate and multivariate Fama-Macbeth regressions during the high sentiment period between 2004.01 and 2011.08. In Panel A, the univariate regression results indicate the presence of a negative relation between idiosyncratic volatility and expected stock returns during high sentiment period. However, the bivariate regression results in Panel B show the negative idiosyncratic volatility effect but only after controlling for BM and MOM separately. On the contrary, in Panel C the multivariate regression results show no discernible relation between idiosyncratic volatility and expected stock returns during high sentiment period. Further, all the models in Table 10 suggest that expected returns increase as size increases.
Each month from 2004:01 to 2011:08 we run a firm-level FamaMacBeth cross-sectional regression of the return on that month with one-month lagged values of the control variables; the model as , + 1= 0, + 1, , + 2, , + 3, , + 4, EV , + 5, , . Each row reports the time-series averages of the slope coefficients and their associated t-statistics. IV is the standard deviation of the residuals of the FF3-factor model, using daily data for the previous 22 trading days. SIZE at the end of month t is defined is the log of the firm's market capitalization at the end of month t, BM is the firm's book -tomarket ratio 6 months prior, i.e. at the end of t-6. Fama [30] , Mom is the Momentum at time t is the stock's 11-month past return lagged one month, i.e. returns from month t-12 to month t-2. REV in month t is short-term reversal defined as the return on the stock in month t-1, following Lehmann [24] . Numbers in parentheses are t-statistics. idiosyncratic volatility and expected returns still remains highly significant reinforcing the idiosyncratic volatility puzzle reported in Ang et al. [11] when investor sentiment is low. The results also indicate that BM is statistically significant in all the regressions suggesting that higher value tends to have higher returns.
Each month from 2004:01 to 2011:08 we run a firm-level FamaMacBeth cross-sectional regression of the return on that month with one-month lagged values of the control variables; the model as , +1 = 0, + 1, , + 2, , + 3, , + 4, EV , + 5, , . Each row reports the time-series averages of the slope coefficients and their associated t-statistics. IV is the standard deviation of the residuals of the FF3-factor model, using daily data for the previous 22 trading days. SIZE at the end of month t is defined is the log of the firm's market capitalization at the end of month t, BM is the firm's book -to-market ratio 6 months prior, i.e. at the end of t-6. Following Fama [30] , MOM is the Momentum at time t is the stock's 11-month past return lagged one month, i.e. returns from month t-12 to month t-2. REV in month t is short-term reversal defined as the return on the stock in month t-1, Following Lehmann [24] . Numbers in parentheses are t-statistics. Table 12 reports the results from regressing future excess market returns on present sentiment index, idiosyncratic risk and their interaction. None of the models in Table 12 is statistically significant. Thus, the results indicate that investor sentiment and idiosyncratic risk do not have predictive power for excess market returns in the Chinese stock market. Similarly, the interaction between investor sentiment and idiosyncratic risk does not predict future excess market returns in the Chinese stock market.
We regress future monthly market excess returns on present sentiment index, idiosyncratic risk and their interaction. Here, the idiosyncratic risk is measured against FF 3-factor model or just the total variance. Both equal-weighted and value-weighted idiosyncratic risks across individual stocks are used in the regressions. The sentiment index is used either as a continuous variable (St) or as an indicator variable (Dt) that equals one if it is above its median. The aggregate idiosyncratic risk measure IV Tvw is the value-weighted total variance across individual stocks. The aggregate idiosyncratic risk measure IV FFvw is the value-weighted total Carhart 4-factor S.D. residual across individual stocks. The subscript ew denotes the equal-weighted measures of aggregate idiosyncratic risk, while vw denotes valueweighted measures of aggregate idiosyncratic risk. The t-statistics are given in the parentheses. Table 13 reports the results from regressing both equal-weighted and value-weighted market returns on investor sentiment (both as continuous variable and indicator variable), the equal-weighted or value-weighted idiosyncratic volatility, market volatility and the interaction between investor sentiment and idiosyncratic risk by incorporating market volatility into the models in Table 12 . In panel A of Table 13 , the results show that both equal-weighted and valueweighted idiosyncratic volatility are positive and statistically significant. This implies that idiosyncratic volatility positively predicts future excess market returns. This finding is consistent with classical asset pricing theory. The idiosyncratic volatility effect is significantly positive among the most under-priced stocks [35] . Thus, among underpriced stocks, the idiosyncratic volatility effect is positive as stocks with high idiosyncratic volatility are the most underpriced when investor sentiment is low. On the contrary, the investor sentiments, as well as, the interaction of idiosyncratic volatility and investor sentiment do not predict future excess market returns. None of the variables in the models in Panel B of future excess market returns in the Chinese stock market. Similarly, market volatility has no influence on excess market returns in any model [36] [37] [38] .
We regress future monthly excess market returns on present investor sentiment (both as continuous variable and indicator variable), idiosyncratic risk, market volatility and the interaction between investor sentiment and idiosyncratic risk. Here, the idiosyncratic risk is measured against Carhart 4-factor model of individual stocks. We only report results for value-weighted (IV Tvw, and IV FFvw idiosyncratic risk across individual stocks [39] [40] [41] [42] [43] . St is investor sentiment in month t. MVt is the market volatility at month [44, 45] .
Conclusions
In this paper, we examine the idiosyncratic volatility puzzle and explore whether investor sentiment influences the relation between idiosyncratic volatility and expected stock returns in the Chinese stock market [46] [47] [48] . The portfolio sorted results show that idiosyncratic volatility is negatively associated with returns [49] [50] [51] . Similarly, the Fama-Macbeth regression results confirm that the idiosyncratic volatility is negatively and significantly related to expected returns in the Chinese stock market. This finding is surprising given that the Chinese stock market is dominated by individual or retail investors while the US stock market, on the other hand, is dominated by institutional investors.
We introduce investor sentiment by regressing risk-adjusted returns on portfolios with sentiment index dummy (high and low sentiment periods) and then analyse the relation between idiosyncratic volatility and expected stock returns. With the introduction of the sentiment dummy variable, the findings show that the returns differences are negative and significant for equal-weighted portfolios in both low and high sentiment periods. This suggests a strong negative relation between idiosyncratic volatility and expected returns. The introduction of sentiment index (as a continuous variable) also indicates that the returns differences are negative and significant for both equal-weighted and value-weighted portfolios suggesting a strong negative relationship between idiosyncratic volatility and expected returns. Thus, the relation between idiosyncratic volatility and returns depends on investor sentiment in the Chinese stock market.
However, multivariate Fama-Macbeth regressions indicate that, during high sentiment periods, the relation between idiosyncratic volatility and expected stock returns is negative and insignificant after controlling for market returns, size, book-to-market and momentum. This suggests no discernible relationship between idiosyncratic volatility and expected stock returns. However, during the low sentiment, the univariate, bivariate and multivariate Fama-Macbeth regression results reveal a negative and significant relationhip between idiosyncratic volatility and expected stock returns after controlling for market returns, size, book-to-market and momentum. This exhibits that the relation between idiosyncratic volatility and future returns is strongly influenced by investor sentiment.
The predictive ability of sentiment, idiosyncratic risk and their interaction is also tested and the results reveal that investor sentiment and idiosyncratic volatility and their interaction do not predict future market returns in the Chinese stock market. In contrast, by incorporating market volatility into the regression, the results indicate that idiosyncratic volatility is positive and statistically significant, and therefore predicts returns. However, the investor sentiment and the interactions between investor sentiment and idiosyncratic volatility remain insignificant. Overall, the results are mixed depending on the regression employed.
